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Research and Implementation of the Multi-Domain Sentiment Analysis on Micro-Blog
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Abstract:Big data generated on Micro-blog has caught the attention of various aspects of practical application,such

as market survey,product promotion,public opinion monitoring,etc.The current sentiment analysis method is severely

lacking in pertinence to specific domains,and the pre-processing work is labor intensive.The paper proposes a feature-level

sentiment analysis model based on automated domain data filtering,and conducts experiments to achieve the valuable feature

presentation of micro-blog articles and train the opinion target extraction model and the sentimental classification model.

The MSAS(Micro-blog Sentiment Analysis System)constructed in this study can automatically implement the pre-processing

of micro-blog raw data,the analysis of sentimental factors and the statistics and analysis function,offering valuable analysis

tools for relevant application.
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1 5|5 (Introduction)
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2 BETNHRZINBERERSH (Analysis of

emotional factors based on machine learning)
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Tab.1 Micro—blog expression symbol

BT EE X
nn SMILEYEMOT
TLIT CRYEMOT
:—O+ SHOCKEMOT
=X+ MUTEEMOT
0_06 ANGRYEMOT
030 KISSEMOT
U_U SADEMOT

MSAST RSx4 R B 45 R BEATIR B, W0 R 4 2%
RS, MFREFSHHZEBRS RN EREFS X,
WARARREBIFS, W “NULL” , RES UER
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(3)Word2vech#4iF

word2vec ™ SCAR B B R R R, DA SO
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Tab.2 Feature and its implication

FRiAsE FHAE FHAE S
F1 Ngram Nouind
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F3 Window: fzagm}
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AR RHE R B AR RIS, TERLT ‘N word[—2]=/2
word[—1]=H Riword[0]=earpods-----" JIZHEAFH], Hr
“N” RFERAVBERA DR, “word[-2]" FRIFAEAFR,
‘R B AME, i A CRFsuite #7254 AL
LEIVAORARAIDOE &l ENE: Bith



520555140

o OHAE . i GUE T RGPS B 51

3 R BURBI

Tab.3 Feature extraction example

ilif Witk sk R HYI R i WEKHbR
HHL Ear) o~ 76 o E =
2.3 EFSVMAYIE AR M H| R EY
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ISV AR BB 73 o8t . SVMAZ—RIIRA
R &, M SMTSATREIM S, 481 8A-GgER
MRS, BT A I SO A LA S i I T 1 B Al
BT, Hp R FR2PRRRENS I AYME, R ARSI R
PR G AT, SV H 2 9 i M AR
3 MSASTIllZE % % (MSAST system)

Dl Kol BR8P P A Y SO 140 P 3074
@EATZ AT, e T RZ A EER KA
WA RER R, PHEMXT A H, SETHMIFEARAKX
Ao AL ZEBFRMABLIRLI 2, [ HANLPCCHRM
A EL AR ) = AN BT RO 58 (3R 658 2% Bt ) FEAT it UL AL [y 1|
%5, WA T HIEEET R, BT RdRRE RN HiEE
RS 55 TR AR AR TR, 5 BT TR SR A IR R At [ 1 2 A
BORERAEE, FEANFGURZ BN A, B2, HiR
3% B EER A R AT AR A 11

MSAST ZGE (AN 1 i7R) E B FH K pAt B, AT
PR, BRI SRR =AM, KRB LA R

(U)Xl i e v A S R e e i, LRS!,
T G A 273 SAT B A S ) el R

()% i A 2 RIS T N ARV, PRk R A U B o
(RS FSENOIALI P
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Fig.1 MSAST system flow chart

3.1 HEEFALIRERLR

BT R R AR, WEW ), SRR
BZ, WRMNIE S A5 R P RS X e
B2 R OUE SRR A, MSASTH % Ml U 9 it P16
B P IR AR A, A B 5 3l v SR BG4 S i A U AR 1T
FORHE . A ] B TF — IDFARRAIE 57 126 3 450350 s 430 3R) - B 2l 11 25
HHRH R ) T 73 2R 2%

(DE B R BARAER )T, BT R ZR AR A
AT SC, AREEEATZWEIL, 55— mRE S 25 &R
JURE, W CREFEINMEAE, BRI RIA LS RS TR
FOFE XN VRS vivaPigt A &) TS0 a5 7 BT
TR AR

(2)luceneE— 4K R G [GERZE"Y, R4 T SRR E
WHIEMERGIGIEE, 0 CADIEIE, RGBT
RO 66 F ansj 2338 TR AEAT 30 7E @ 2 lucene R 5[, &K
FIREAHEFHIRID, HID, BN, HpRdgIDA
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)V ARSCIERC T =AU . FAL. BRI EE A
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TDFARFAE i 16 4 B S50 ) b 111 4.

FRPE . FHL. BN, HARREORE (L k6 7 4% S £dis)
YEREA, A3 ffudannlpd@ LAY SCAF K T B, @ik
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PRAE A 7 S A5 RARAT U 7 J Y

(4) 1) JH X 40 ) o~ 30 %o 25 R 2 v 45 28] g il e i ol 4R
lucene R 5| BEATHfGE, 55 =AU E AT 1. 577 55K
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3.2 NIhRiEER
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REEARFR N, R TARERI 2R A .

N AR ) S AN B2 77, S0 1 B A S
A, PRERGAZWE, REXE T o, e
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MEXH | Desktop/ ST test.csv| | FHED T mE

ATt

FEBARTRIAE TR RS EnY, EEHMEE, B
R REENRT / WE—E RN &R Rk ENF 7. n

L LI

B2 ARz % 2%
Fig.2 Label training system

3.3 EERIZRER

AN AR AR e A T AR 3 H R /Y B £l 4 S 1 25
£, WY BARHIERIRATH 12 CRFSuite I Zify, £ 5%
TNLANGP" R Gt B AESE , T AR 1k 30 51 By BEZ S VM
G RGN E U HEAT R IE R SR BRI SRR 4R A
Set, WMEIKIFTR,

SR

fA :courps// CE&HATIL IR RITERRE AL PR i
TER

fQueue/ /FHEAL I AT

window/ /% 1K/

i . fSet/ /FHEEE A

BEGIN

01 FOR each opinion € courps.getOpinionsDO

02 courp=courps. getCourp(opinion.id)

03 IF (opinion.hasTarget) THEN/ /MLt &4 1%
JEH bR

04start = opinion. from/ /&7 B

05 end=opinion.to//Z5H{LE

06IF (window>0 && end>0) THEN

07from=start window

08IF  (from<0) THEN

09from=0

10 END IF

11 to=end+window

12 IF (to>courp.length—1) THEN

13 to=courp.length—1

14 END IF

15 courp=courp.sublist(courp, start, end)//3k
BER O AP RYIER

16END IF

17  WHILE(!fQueue.isEmpty())

18 fProcess=fQueue.deQueue()// FHUF AL 25

19 features=fProcess(courp)
20 fSet.add(features)/ /M AASE£E &
21 END WHILE

22 END FOR

23 RETURNI{Set

END

R 01—0225 1 1 1 R R ID BB L A 1 5
03—16B HILHWT R BN R, RIFHETMXIRE D
EARFZERALE, SRBTER H HagTERAE L, W R AT
PRI TR 5 1723530 A EALBEZR BAF , XF
ERHETALE, RS RRHMER UM A IRHMESR G
3.4 MSASTZGIEREDHT

(D355

ARSI SRR T #EAR BT P B R B9 TR
HUIKPE IS B 4520 4%, FAE R IO T A I i dhe A o At
SumgdE, A FudanNLP[13]1114545 2 4 g 4s .

AR AR M — R PFIe EE £930.1GB, %
WA A I AR AT 1) S5 R N 15 TGBRY%E,, %1iX15.7GB
MR R R G, S FHL. R W E 8RR R T
e, RGOSR KA HKIG, HIRGF IR T54
A%, HIEE107304%, R HE60204% . ARSLIR NS = A4k
B EI 2000457 N TARE, HRA&H 28I 2 51
WRAFTR

x4 NEBEED
Tab.4 Training data

A positive negtive netural total
FHl 689 551 760 2000
FEL I 624 423 953 2000
HE 462 365 1173 2000
Q)N R

PN BT R Fa AR EEA MR . A [ AR
H. MERRRITEAN:
Precision = M/N (1)
Horr, MAB B2 HI I A O s 5% H 4L, NIZ7R 6
LR IR R 2% H A, M SRR ) 2ROR R ST M
S 50 B FAE TR
BEBHEALN:
Recall = M /R (2)
Hrp, RERIAARMERNERERECR, 8T REHE
% K NG AR MR BE )
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RMAERZRUE LT, RS T RERMER R, R
SR ERARAG, RO A BIAREE, EfRBLESf
FriEf, TRATHEHEERBMAEZER, 5IAFEARX.

F = (2 * Precisio * Recall)/(Precision + Recall) (3)

()& Rt

AL ] SR I i TG B SR A I R4k,
P A2 S RS0 1 R R U L AT 1A, 53 T
FSPURIEEER, A SCHR U Tri—gramFE/F R S5
B ELR, 13EIRYSS. 8% HERIA, I hIR PR AE (Pos) J5 E
WMRESEE T762.1%, AW IIword2vec, Dependency,
Lexicons, PoSFHiE)G, MERIZIETE]T69.7%,

RS AEFAEAE T ERERMBUERHENF T
Tab.5 The influence of different feature combinations on

the extraction accuracy of affective factors

FEAIE Precision
Baseline (3gram) 58.8
3gram-+Pos 62.1
3gram+Lexicons 64.9
3gram-+word2vec+Dependency+Lexicons+PoS 69.7

SR T U B AN () A A o B 15 SRR At 2 BT AR B S
A SLHG il ] E EARTE I LGS A BRI sk, i
WTERG AW IERAE, SEHAMSASTR G RIIZA Y
5 AR R BT, 25 AR AP R A AL, A, i =
AN B i R VEA TN, 155 R6M L IR 4h
ROFFAEIL BN B U 1F B 2 T HY 520
Tab.6 The influence of feature selection on cross domain

affective analysis

FE gk THL gtk THL git: THL
: WA FHL R4S Hilix WAL Wk
Prccis Recall F— P‘rccis Recall F— P‘rccis Recall F—
ion value ion value ion value

ngram  0.517 .0.552 0.533 0.502 0.411 0.452 0.489 0.406 0.444

FSCNMENCe ) Sr4 0,559 0.526 0.513 0.457 0.483 0.487 0.431 0.457
Length

+pos—tag  0.552 0.579 0.565 0.516 0.501 0.508 0.491 0.447 0.468

Jﬂf;etdz 0.551 0.582 0.566 0.525 0.529 0.526 0.493 0.449 0.470

+Emoticons 0.582 0.594 0.588 0.531 0.537 0.534 0.515 0.502 0.508
+RSV 0.612 0.603 0.607 0.540 0.551 0.545 0.519 0.517 0.518

+Window 0.659 0.624 0.641 0.537 0.572 0.554 0.521 0.518 0.524

B RO AF H, A3 AIEmoticons, RSV, Window
FHEE, MR, BRIFMFERE THBME, R
AEXoF 214 T 4R ) 17 SRR 1 4 ) 5 i USSR R )
e Z, FHEMZER B IEM, HYFEFARES,

R A B LU H R ATEELAY S B0 R ARER T

0.8

0.6 ' -
L b P B ] i
i 0.4 TN TN TR R I
2 S TN ™ ™ :
02 NS R T JEAN
0 v L2 kb ] AR N B o, hh1 i
FS B B A N N

/7 / 4T 4 7
F F F & ¥
© MSAST

' ’ 'Zaseline
B3 35 ARIK I8 R o AT 3 P 5K B
Fig.3 Comparative analysis of cross domain
affective analysis
P 3 Fp 2y HH A2 3N U 2 TR] A LA A T 2R SR AT i
HRIAFE, E3PATAR Rl T AR UK S A 5
FEBER, TP 2 T i T SR 2 22 S M R K Y AR 5 2k
b, WYL T AU [B] RFE 711 FL B
4 MSASAS#TRFH % 5t (MSASA system)
MSAS AN H B Ge 42 W FIMS AST I 25 R 581531 iy 175 JB 2
FR Al OB R AN A M AR A, B S AR R R
SRR G RGBT RE R AT, a2
Tot, BIALT o se 45 b AT B 3 R S A, T
il NI X S B 5 . MSASARY F 2248 2 B FE SR T
ACTHRRER , I IERE R U, R BAR R RIS, ity
Pk, 425 TMSASA R GRYEAIAIHEZR it

ETET
i, wis

.(ﬁ?’\
\iiax)

B4 MSASA & % tE4

Fig.4 MSASA system flow chart

MSASA RS SL IR LA IR

(DX ELBIFRGIM15. TGBREEE , i o i s
TAASEEIT 2007 BRI IR O B n 4 . A BEAH R Y ST 4%
AU IR S . X BLEFER A T P LU 2k R Y
58 1% L A BB B35 SRl P AR AR

Q)& BRI, X577 AR LI E] 20691
BHER, 2GRS ARBPFRI S, KBTI
WE/NTSHITE G, 55T 33N WA XR, FRRIH
AR A, HREREEMESHIR . W AE H5RA: . A, B
i, wig, BEPHR R R Z, SAEKIA L 5H
4TI TE R BB 52, ben “HRIE” A1 VR
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Fig.5 Micro—blog computer field popular evaluation
target distribution
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POV M S 1. 1 Pk T F I — SE PP X REGESEE, AT DAY
BB SR N AR A R 5 SRALD B,
FI6Z5 H T A NEUBEZ BRI TSN R S B0 15 1B P e
i, RERFEWRAFAEZES, BAEREE 2 Hr B AL At L,
AAEE “HALT RN R SRR L, R R
THHALR R, 1 “FRAT ORI, HUTH AR
FRNS T 377 P LR 5 Fe Jo BE AN
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Fig.6 Computer micro—blog field sentiment polarity
statistics (part)
5 #Eif(Conclusion)

AR T 24 R R BT R G R R T R
SIS UE B T % 0 AT T, N R SRR TEAS
AT T SCRFERE BRI R 2, S8 I B AR A R P S5
ST BRG], R T RGN HME, R
S5 A U E SR ALHE— 2P T H PN B AR, BEReiEe
R ERR, HaaREETHE=RENH.
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